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Background:With the emergence of large-scale sequencing platforms since 2005, there has been a great revolu-
tion regardingmethods for decoding DNA sequences, which have also affected quantitative and qualitative gene
expression analyses through the RNA-Sequencing technique. However, issues related to the amount of data re-
quired for the analyses have been considered because they affect the reliability of the experiments. Thus, RNA de-
pletion during sample preparation may inﬂuence the results. Moreover, because data produced by these
platforms show variations in quality, quality ﬁlters are often used to remove sequences likely to contain errors
to increase the accuracy of the results. However, when reads of quality ﬁlters are removed, the expression proﬁle
in RNA-Seq experiments may be inﬂuenced.
Result: The present study aimed to analyze the impact of different quality ﬁlter values for Corynebacterium pseu-
dotuberculosis (sequenced by SOLiD platform),Microcystis aeruginosa and Kineococcus radiotolerans (sequenced
by Illumina platform) RNA-Seq data. Although up to 47.9% of the reads produced by the SOLiD technology
were removed after the QV20 quality ﬁlter is applied, and 15.85% were removed from K. radiotolerans data set
using the QV30 ﬁlter, Illumina data showed the largest number of unique differentially expressed genes after
applying the most stringent ﬁlter (QV30), with 69 genes. In contrast, for SOLiD, the acid stress condition with
the QV20 ﬁlter yielded only 41 unique differentially expressed genes. Even for the highest quality
M. aeruginosa data, the quality ﬁlter affected the expression proﬁle. The most stringent quality ﬁlter generated
a greater number of unique differentially expressed genes: 9 for highmolecular weight dissolved organic matter
condition and 12 for low P conditions.
Conclusion: Even high-accuracy sequencing technologies are subject to the inﬂuence of quality ﬁlters when
evaluating RNA-Seq data using the reference approach.© 2015 Elsevier B.V. All rights reserved.1. Introduction
Since 2005, genomic data collection has greatly increased due to the
emergence of second-generation sequencing platforms that are able to
produce large volumes of data at low costs, which boosted the number
of complete genome sequencing projects. Among these platforms,
SOLiD and Illumina have been widely used for gene expression studies.
The advantages of those two platforms over the previous generation of
sequencing machines include the high data quality, especially for
Illumina, and the throughput, with approximately 600 Mb in theG. de Sá),
.com (A.R. Carneiro),
om (A.C. Pinto),
er@gmail.com
, arturluizdasilva@gmail.comHiSeq 2000 v3 platform and 155 Mb with the SOLiD technology (Pinto
et al., 2014; Wang et al., 2014; Isabella and Clark, 2011; Scholz et al.,
2012; Leggett et al., 2013). This output level differentiates these
methods even from third generation sequencers, which use the Single
Molecule Real Time (SMRT) DNA decoding method; examples include
the PacBio, Helicos and Oxford Nanopore sequencers as well as the
more recent base detection through pH variation (Ion Torrent PGM
and Ion Proton). Howeverwith the increasing throughput of these tech-
nologies, previous-generation platforms will most likely be substituted
(Schuster, 2008; Lam et al., 2012).
High-throughput platforms also improved transcriptomics analyses
through the RNA-Seq technique (Martin and Wang, 2011). RNA-Seq is
an approach that enables an assessment of the transcriptional proﬁle
of complete organisms without requiring previous knowledge of the
sequences, as the Real Time Polymerase Chain Reaction (RT-PCR) and
microarray technique do. It also allows the identiﬁcation of new tran-
scripts and genome annotation corrections (Mutz et al., 2013). Current-
ly, there are studies that aim to determine the amount of RNA-Seq data
required to evaluate expression in bacteria (Haas et al., 2012; Liu et al.,
Table 2
Summary of data obtained for the conditions and quality ﬁlter evaluated for Kineococcus
radiotolerans.
Evaluation of the effects of the application of the QV10, QV15, QV20, QV25, QV30 and QV0
quality ﬁlters regarding the number of reads, the reduction percentage, the number of ba-
ses and the sequencing coverage reached for K. radiotolerans.
Condition Filter Reads Decrease Bases Coverage
Control QV0 28,508,412 – 2,907,858,024 642.07
QV10 28,165,539 1.20 2,872,884,978 634.35
QV15 27,769,423 2.59 2,832,481,146 625.43
QV20 27,264,904 4.36 2,781,020,208 614.07
QV25 26,327,539 7.65 2,685,408,978 592.96
QV30 23,992,240 15.84 2,447,208,480 540.36
Radioactive QV0 36,145,816 – 3,686,873,232 814.09
QV10 35,718,661 1.18 3,643,303,422 804.47
QV15 35,215,269 2.57 3,591,957,438 793.13
QV20 34,579,294 4.33 3,527,087,988 778.81
QV25 33,410,613 7.57 3,407,882,526 752.48
QV30 30,463,631 15.72 3,107,290,362 686.11
Table 1
Summary of data obtained for the conditions and quality ﬁlter evaluated for Corynebacte-
rium pseudotuberculosis.
Evaluation of theQV10, QV15, QV20 andQV0 qualityﬁlters regarding thenumber of reads,
the percentage decrease in the number of reads, the number of bases and the sequencing
coverage reached for C. pseudotuberculosis.
Condition Filter Reads Decrease Bases Coverage
Control QV0 25,235,478 – 1,287,009,378 643.50
QV10 24,142,299 4.4% 1,231,257,249 615.63
QV15 20,497,865 18.8% 1,045,391,115 522.70
QV20 13,148,231 47.9% 670,559,781 335.28
2 M QV0 18,783,810 – 957,974,310 478.99
QV10 17,371,379 7.6% 885,940,329 442.97
QV15 15,963,699 15.1% 814,148,649 407.07
QV20 12,657,661 32.7% 645,540,711 322.77
50 °C QV0 21,622,844 – 1,102,765,044 551.38
QV10 20,874,392 3.5% 1,064,593,992 532.30
QV15 18,770,148 13.2% 957,277,548 478.64
QV20 13,177,122 39.1% 672,033,222 336.02
pH QV0 17,393,077 – 887,046,927 443.52
QV10 16,758,069 3.7% 854,661,519 427.33
QV15 15,821,587 9.1% 806,900,937 403.45
QV20 13,567,760 22% 691,955,760 345.98
166 P.H.C.G. de Sá et al. / Gene 563 (2015) 165–1712014). However, RNA depletion method has a great inﬂuence on the
throughput of the experiments and impacts transcript representation
(Castro et al., 2013).
Data produced by high-throughput platforms are often submitted to
sequencing error correction and quality ﬁlters to increase the accuracy
and to prevent errors in sequence assembly and in analyses, such as
SNP calling and variant calling (Li and Homer, 2010; Loman et al.,
2012). The effects of poor data quality on sequence alignment have al-
ready been discussed and showed the importance of removing low
quality sequences before data processing (Li and Homer, 2010).
The effects of quality ﬁlters on coding sequence representation
when conducting genome assembly were analyzed, instead of simply
evaluating the results just with statistical metrics such as N50 and the
longest and shortest sequences. This approach demonstrated that an in-
crease in the quality of sequences increases the accuracy of the contigs
produced during assembly (Carneiro et al., 2012).
The de novo representation of transcripts from RNA-Seq also re-
quires processing steps such as quality ﬁltering and trimming to im-
prove the throughput of the assemblies (Mbandi et al., 2014), even
when these processes decrease the number of analyzed reads. However,
this approach inﬂuences the gene expression evaluation in cDNAFig. 1. Depth coverage after applying PHRED quality ﬁlter for Corynebacterium pseudotu-
berculosis. Sequencing coverage of C. pseudotuberculosis 1002 regarding the quality ﬁlter
applied (QV0, QV10, QV15 and QV20) for the control (N) and osmotic (2 M), heat
(50 °C) and acid (pH) stress conditions.sequencing (RNA-Seq), modifying the transcriptional proﬁle while in-
creasing the accuracy of mapping (Li and Homer, 2010).
Thus, the present study evaluates the effects of different quality
ﬁlters (PHRED) on the results of gene expression from reference-
based RNA-Seq using transcriptome data from three prokaryotes, sepa-
rately: Corynebacterium pseudotuberculosis, Microcystis aeruginosa and
Kineococcus radiotolerans, obtained on different high-throughput se-
quencing platforms.2. Methods
2.1. RNA-Seq and reference data
For C. pseudotuberculosis the genome of the strain 1002
(C. pseudotuberculosis 1002) was used as reference (GenBank: NC_
017300). This bacterium was grown under osmotic (2 M), acid (pH)
and heat (50 °C) stress and under control (Normal) conditions, which
simulate the conditions faced by the bacteria during the infectious pro-
cess. Subsequently, cDNAof each conditionwas sequenced by the SOLiD
3 Plus platform using the RNA-Seq technique. The sequencing data are
available in the European Bioinformatics Institute (EBI) repository
under accession number E-MTAB-2017 (Pinto et al., 2012).
RNA-Seq data regarding the response of K. radiotolerans to ionizing
radiation (SRA: SRX357580) and data from the same strain without in-
ducing radiation (control condition, SRA: SRX357579) were used, both
available in the Sequence Read Archive database (SRA) and sequenced
by the Illumina HiSeq 2000 platform. For this data the genome of
K. radiotolerans strain SRS30216 (ATCC BAA-149) was used as reference
(GenBank: NC_009664).
M. aeruginosa experiment was previously performed and data is
available at SRA, as described below. Brieﬂy, M. aeruginosa LE-3 was
grown under low P condition (LowP), high molecular weight dissolved
organic matter condition (HMWDOM) and control condition (control).
Three replicates were made for each condition, which were sequenced
by Illumina HiSeq 2000 using a RNA-Seq protocol described in SRA
database.
For the LowP condition, the accession numbers of the data in SRA
are LowP_R1 (SRA: SRX271690), LowP_R2 (SRA: SRX271784)
and LowP_R3 (SRA: SRX271864). For HMWDOM condition, the SRA
accessionnumbers areHMWDOM_R1 (SRA: SRX271903),HMWDOM_R2
(SRA: SRX271917) and HMWDOM_R3 (SRA: SRX271918). And for
control condition, the SRA accession numbers are Control_R1 (SRA:
SRX272017), Control_R2 (SRA: SRX272019) and Control_R3 (SRA:
SRX272020). The reference genome of M. aeruginosa strain NIES-843
Fig. 2.Depth coverage after applying PHREDquality ﬁlter forKineococcus radiotolerans. Sequencing coverage evaluation of the K. radiotolerans genome under radioactive stress and control
conditions (Wild).
167P.H.C.G. de Sá et al. / Gene 563 (2015) 165–171used here is available in NCBI under the accession number (GenBank:
NC_010296).
The reference genome of each organism was used in FASTA format
and the annotation ﬁle in the GTF format, so each organism had two
reference ﬁles, one was the sequence FASTA and the other consisted of
the genes annotated in the GTF format.
The details about the experiments performed to produce the RNA-
Seq data above can be accessed through the EBI and SRA numbers
cited previously.
2.2. Data processing
The reads obtained for the three organisms were submitted to the
quality ﬁltering step through the Quality Assessment (Ramos et al.,
2011) program, using different PHRED ﬁlter values. Thus, four data
setswere created for C. pseudotuberculosis according to the PHRED qual-
ity values (QV) using QV10, QV15 and QV20 as ﬁlters, in addition to
QV0, which represents original data with no ﬁlters applied. For
K. radiotolerans, the same ﬁlters already mentioned were used in addi-
tion to QV25 and QV30, and for M. aeruginosa the QV0, QV40, QV50
and QV60 data sets were generated due to the high quality of data pro-
duced by the sequencing platform Illumina HiSeq 2000, which allowed
the application of more stringent quality ﬁlters.
2.3. Read mapping and gene expression
The TopHat programwas used to map the reads of each data set. All
reads were mapped only against their respective reference genome
using TopHat default options and the parameter “–no-novel-juncs” in
order to map reads only to coding regions deﬁned by the gene annota-
tion ﬁle, GTF ﬁle, of each organism. As a result, a .bam ﬁle was created
containing only the mapped reads as output. Each data set obtained
with the different quality ﬁlters was submitted to the Cuffdiff program
for gene expression (FPKM) and differential expression analysis,
which allowed the evaluation of the gene expression proﬁling and iden-
tiﬁcation of differentially expressed genes of each different data set for
each organism (Trapnell et al., 2012).
3. Results and discussion
3.1. Sequencing coverage
After applying the qualityﬁlter to theC. pseudotuberculosis1002data
corresponding to the osmotic (2M), heat shock (50 °C), acid (pH) stress
and control conditions, there was a signiﬁcant decrease in the number
of reads when ﬁlter QV20 was applied, especially for the control andheat shock stress samples, in which 47.9% and 39.1% of the reads were
removed, respectively (Table 1).
When evaluating the number of bases after applying the ﬁlters for all
conditions, an increasing trend toward coverage approximationwas ob-
served as the quality ﬁlter increased, and the closest point was reached
with the QV20 quality ﬁlter (Fig. 1). This fact corroborates data from
other studies related to sequencing with SOLiD, in which PHRED 20
quality ﬁlters were applied (Carneiro et al., 2012).
Because data fromK. radiotoleranswere of high quality in the control
and radioactive stress conditions (data quality panel), the QV0, QV10,
QV15, QV20, QV25 and QV30 ﬁlters were used (Table 2). In both condi-
tions, the percentage decrease due to the quality ﬁlter was similar. The
greatest loss (15.84% of the reads) occurredwhen theQV30qualityﬁlter
was used on the data from the control condition (Fig. 2), although this
reductionwas not signiﬁcantwhen considering the volume of data pro-
duced by the sequencing platform.
Thedifference between the coverage levels observed for each quality
ﬁlter in differentK. radiotolerans samples reduced as theﬁlter quality in-
creased and reached a minimum value of 145 X with QV30, a trend also
observed for data from C. pseudotuberculosis.
The data ofM. aeruginosa presented higher quality than the one from
K. radiotolerans, and theﬁlters QV0, QV40, QV50 andQV60were applied
for all replicates of each condition (Table 3). The proportion of removed
reads was approximately the same in all replicates, and the control con-
dition showed the greatest reduction after applying the QV60 ﬁlter
(Fig. 3). For both organisms, the amount of reads decreased due to the
application of high quality ﬁlters.
The RNA-Seq data used has the coverage required to RNA-Seq anal-
ysis as suggested (Haas et al., 2012), for all organisms and in all ﬁlters.
To increase the conﬁdence about our hypothesis we used an Illumina
data (high quality reads) using replicated samples.3.2. Transcript mapping
When evaluating the mapping of C. pseudotuberculosis,
K. radiotolerans andM. aeruginosa reads comparedwith reference values
(QV0), the greatest difference in the number of mapped reads occurred
for C. pseudotuberculosis in the control conditionwith theQV0 andQV20
ﬁlters, when 25,075,687 and 13,130,035 readswere aligned, respective-
ly. This result corresponded to a 47.63% decrease (11,945,652 reads) in
the number of mapped sequences with the QV20 ﬁlter (Table 4),
especially as a result of the decrease in the number of sequences in
the quality ﬁlter step.
For K. radiotolerans, the greatest difference regarding the number of
reads occurred in the radiation condition between ﬁlters QV0 andQV30,
where a difference of 5,676,879 fewer reads (15.70%) was observed for
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168 P.H.C.G. de Sá et al. / Gene 563 (2015) 165–171ﬁlter QV30 (Table 5). For the control condition data, the difference be-
tween the same quality ﬁlters was 4,511,942 reads, which represented
a 15.83% decrease.
After mapping the reads ofM. aeruginosa, individually for each con-
dition, the decrease of mapped reads in different quality ﬁlters was
small, in general, for all replicates, even when stringent ﬁlters were
used. The condition LowP_R1 showed the greatest difference for ﬁlters
QV0 (5,150,359 mapped reads) and QV60 (4,890,800 mapped reads)
where 259,559 reads, approximately (5.04%), were not mapped in
QV60 (Table 6). This result demonstrates the high quality of Illumina
data compared to data produced by the SOLiD platform.
3.3. Differential expression
After applying different quality ﬁlters (QV0, QV10, QV15 and QV20)
for C. pseudotuberculosis, the data were submitted to RNA-Seq analyses
to evaluate the differential expression for each stress condition com-
pared to the control condition. Thus, for every stress condition, the
QV20 ﬁlter showed the greatest number of differentially expressed
genes exclusives in that condition (Fig. 4), even though it eliminated
the greatest number of reads (Fig. 1).
When evaluating differentially expressed genes in the samples from
the 2 M, pH and 50 °C conditions, which were ﬁltered with the same
quality parameters, the number of differentially expressed genes de-
creased as the quality ﬁlter increased, except in the data from the pH
condition.
The differential expression analysis for the K. radiotolerans data was
performed only for ﬁlters QV0, QV15, QV20 and QV30 due to the low
variation in the intermediate ﬁlters QV10 and QV25 compared to the
other ﬁlters. Filter QV30 resulted in the lowest number of differentially
expressed genes for K. radiotolerans (Table 7), and the same result was
observed for most of the stress conditions for C. pseudotuberculosis
when the ﬁlter QV20 was applied.
Nonetheless, for Illumina data, ﬁlter QV30 resulted in the greatest
number of unique differentially expressed genes in K. radiotolerans, 69
(Fig. 5). Thus, for SOLiD data, the most stringent ﬁlter (QV20) also pro-
duced the greatest numbers of unique genes for all conditions evaluated
in C. pseudotuberculosis (Fig. 4).
Even for the high quality data of M. aeruginosa, the high quality
values used in the ﬁlter reduced the amount of differentially
expressed genes for LowP and HWMDOM conditions (Table 7). The
ﬁlter QV60 presented the greatest numbers of unique differentially
expressed genes: 12 and 9 genes for HWMDOM and LowP respec-
tively (Fig. 6).
Although data used in the present study were obtained for differ-
ent organisms (C. pseudotuberculosis, K. radiotolerans and
M. aeruginosa) that have speciﬁc characteristics, such as guanine–
cytosine (GC) content and the presence of mobile elements
(Phillips and Wiegel, 2002; Orellaa et al., 2006), in addition to hav-
ing been sequenced with different sequencing technologies, when
the quality ﬁlter QV20 was applied for C. pseudotuberculosis, the
number of differentially expressed genes decreased in 2 of the 3 con-
ditions compared with QV0. For K. radiotolerans and M. aeruginosa
this number decreased as the quality ﬁlter increased, except for
M. aeruginosa condition HWMDOM ﬁlter QV50 which presented a
slight increase in the number of genes (Table 7). Regardless of
these discrepancies, considering that ﬁltered data are more reliable,
themapping of these data showed the highest accuracy, which tends
to produce better results (Li and Homer, 2010).
As demonstrated in the present study, the quality ﬁlter for the tran-
scriptome analyses triggers variations in gene expression proﬁles,
changing the characterization of the expression proﬁle and demon-
strating the impact of quality ﬁlters on RNA-Seq based-reference
analyses.
Even though the decrease in the number of reads mapped occurred
for C. pseudotuberculosis, K. Radiotolerans and M. aeruginosa after the
Fig. 3. Depth coverage after applying PHRED quality ﬁlter for Microcystis aeruginosa. Sequencing coverage evaluation for each replicate of the M. aeruginosa genome under LowP,
HWMDOM and control conditions.
Table 4
Amount of reads mapped against the reference by condition and quality ﬁlter for Coryne-
bacterium pseudotuberculosis.
Total mapped reads compared with reference values for conditions evaluated in
C. pseudotuberculosis 1002 after quality ﬁlters QV0, QV10, QV15 and QV20 were applied
for each condition.
Mapped reads Control 2 M 50 °C pH
QV0 25,075,687 18,652,648 21,484,367 17,219,895
QV10 24,025,238 17,275,206 20,770,240 16,615,718
QV15 20,439,750 15,914,660 18,714,371 15,730,533
QV20 13,130,035 12,645,792 13,159,534 13,527,289
Table 5
Amount of reads mapped against the reference by condition and quality ﬁlter for
Kineococcus radiotolerans.
Total mapped reads compared with reference values for conditions evaluated in
K. radiotolerans under quality ﬁlters QV0, QV10, QV15, QV20, QV25 and QV30.
Mapped reads Control Radioactive induced
QV0 28,500,467 36,135,864
QV10 28,158,912 35,710,371
QV15 27,763,266 35,207,564
QV20 27,259,203 34,572,184
QV25 26,322,511 33,404,295
QV30 23,988,525 30,458,985
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presented the greatest number of unique differentially expressed
genes with these ﬁlters, which shows that even a decrease considered
insigniﬁcant regarding amount of reads, like that occurred in
K. Radiotolerans andM. aeruginosa, has a great inﬂuence on the differen-
tial expression analyses.
Thus, there is a need to apply more stringent quality ﬁlters to in-
crease the reliability of gene expression analyses and to prevent errorsTable 6
Amount of reads mapped against the reference by condition and quality ﬁlter forMicrocystis a
Total mapped reads compared with reference values for conditions evaluated inM. aeruginosa
Mapped reads Control_R1 Control_R2 Control_R3 HWMDOM_R1
QV0 3,781,504 3,601,794 3,712,980 3,626,370
QV40 3,781,420 3,601,714 3,712,887 3,626,298
QV50 3,773,491 3,593,990 3,705,081 3,619,136
QV60 3,640,436 3,469,049 3,574,584 3,500,063due to low quality sequences, especially considering the data quality
and the speciﬁc errors of each platform (Scholz et al., 2012) as well as
the number of sequences required for the analyses (Haas et al., 2012).
In addition, when reference-based RNA-Seq is used, the mapping
criteria of reads may inﬂuence the results, and the raw data evaluation
step becomes essential to deﬁne the most adequate strategy.
With the increase in the quality of RNA-Seq data and the use of rep-
licates, it is possible that in the future, the next-generation sequencing
(NGS) approach will have the same reliability as RT-PCR experiments,
which are still widely used to validate results because they represent a
gold standard for gene expression evaluation.
4. Conclusions
Minimal changes in the quantity of RNA-Seq data may affect dif-
ferential expression results. Thus, in addition to considering the
throughput required for the expression experiment (Haas et al.,
2012), data processing should be performed to make analyses more
reliable.
Despite the high quality of data obtained through the HiSeq plat-
form, which resulted in a less signiﬁcant coverage decrease after the
quality ﬁlter was applied compared to the SOLiD data, there was a
large change in the expression proﬁle, especially among data without
quality ﬁlters and data with the QV30 and QV60 quality ﬁlter, which
demonstrates the inﬂuence of the quality ﬁlter step on the results,
even for high-performance and accurate platforms.
Finally, the quality ﬁlter parameters can change based on the quality
of the reads produced by the sequencing platforms, then deﬁning the
best values is a complex task, but its importance was demonstrated,
by providing evidence that qualityﬁlters affect the gene expression pro-
ﬁle even for the high accuracy sequencing platforms.
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HWMDOM_R2 HWMDOM_R3 LowP_R1 LowP_R2 LowP_R3
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Fig. 4. Venn diagram of evaluation of the differential expression genes exclusive of Corynebacterium pseudotuberculosis for the quality ﬁlters. Venn diagram for the differential expression
analysis of samples from stress conditions (50 °C, 2 M and pH) showing the number of unique differentially expressed genes and genes shared among the quality ﬁlters used.
Table 7
Summary of the amount of differential genes expressed by organism, condition and qual-
ity ﬁlter (PHRED).
Quantiﬁcation of differentially expressed (DE) genes by stress condition and quality ﬁlter
for C. pseudotuberculosis 1002, K. radiotolerans andM. aeruginosa.
Organism Condition Quality ﬁlter DE genes
C. pseudotuberculosis Osmotic (2 M) 0 878
Osmotic (2 M) 10 878
Osmotic (2 M) 15 871
Osmotic (2 M) 20 866
Thermal (50 °C) 0 489
Thermal (50 °C) 10 491
Thermal (50 °C) 15 483
Thermal (50 °C) 20 468
Acid (pH) 0 883
Acid (pH) 10 882
Acid (pH) 15 885
Acid (pH) 20 891
K. radiotolerans Radioactive 0 2386
Radioactive 10 2381
Radioactive 15 2380
Radioactive 20 2360
Radioactive 25 2330
Radioactive 30 2194
M. aeruginosa HWMDOM 0 956
HWMDOM 40 955
HWMDOM 50 958
HWMDOM 60 944
LowP 0 1363
LowP 40 1361
LowP 50 1354
LowP 60 1346
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